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ANALYSIS OF INTELLIGENT BUS STOP DATA TRAFFIC BY USING
KENTKART DATABASE

ABSTRACT

Increases in traffic density over years have been causing waiting time on roads to
increase and longer travel time. Therefore, smart solutions have been arisen in order
to inform passengers and provide them more efficient and reliable public
transportation. The important part of the transportation system is the Passenger

Information System.

As a lot of people use buses in order to go to work, school and another place every
day, they need the passenger information system quite a lot. Most of the complaints
of passengers are about spending time at the bus stops for waiting buses. The main
goal of this study is to minimize the waiting time of passengers at bus stops by

predicting the arrival time of buses.

There have been several studies performed on predicting the arrival time of buses
at bus stops. Some of the methods which have been widely used to provide data are
sensors which define the number of vehicles that pass by fixed points and camera-
based sensors. Storing and analyzing data in those ways are extremely expensive.
Another method is predicting how much time later a bus will arrive at the following
bus stop by using GPS data in vehicles. In the study, certain pieces of information
such as buses' location, speed, the last bus stop they pass by, arrival time at the last
bus stop they pass by are transferred to the system owing to GPS receivers in buses.
In order to estimate the arrival time of buses to the bus stops, Kalman filtering and
average travel time algorithms have been benefited. The study has been performed

by means of GPS data gathered from the buses using Kentkart system in Manisa.

Keywords: Intelligent transportation system, global positioning system, Kalman
filter, average time algorithm.



KENTKART VERITABANI KULLANILARAK AKILLI DURAK VERI
TRAFIGININ ANALIiZI

0z

Yildan yila trafik hacminde olusan artis, yollarda bekleme siirelerini artirmakta,
seyahat siirelerinin uzamasina neden olmaktadir. Bu noktada yolcular1 bilgilendirmek
ve onlarin daha etkin ve gilivenilir bir sekilde seyahat edebilmeleri igin akilct
¢oziimler ortaya c¢ikmistir. Ulasim sistemlerinin  6nemli bir pargasida yolcu

bilgilendirme sistemidir.

Giinlimiizde yolcu bilgilendirme sistemine en ¢ok ihtiya¢ duyan toplu ulagim
araclari otobiislerdir. Ciinkii her giin pek ¢ok insan ise, okula ya da herhangi bir yere
gitmek igin otobiisii kullanmaktadir.Yolcularin en ¢ok sikayet ettikleri durumlardan
biri de belirsiz bir zaman siiresince otobiis bekleyerek zaman kaybetmektir. Bu
calismanin amaci, otobiislerin duraklara varis siirelerini tahminleyerek kullanicilarin

duraklarda bekleme stirelerini en az hale getirmektir.

Duraklara varis siirelerinin tahminlemesi ile ilgili pek ¢ok ¢alisma yapilmistir. Bu
calismalarda en ¢ok kullanilan veri saglayici yontemlerinden bazilari; sabit
noktalardan gecen ara¢ sayilarini belirleyen algilayicilar; iz tabanli algilayicilar;
kamera tabanli algilayicilardir. Bu yontemler ile veriyi saklamak ve analiz etmek
oldukca pahalidir. Diger bir yontemde araglardaki gps verisinin kullanilarak bir
sonraki duraga ne kadar siirede gelebileceginin tahminlenmesidir. Bu caligmada,
otobiislerin i¢indeki gps alicilar1 sayesinde otobiislerin konum, hiz, son gectigi durak
bilgisi ve son gectigi duraga varig siiresi gibi bilgilerin sisteme aktarilmasi
saglanmistir. Duraklara varig stirelerinin tahminlenmesi i¢in Kalman filtresi ve
ortalama siire algoritmasi kullanilmistir. Bu ¢alisma, Kentkart sisteminde yer alan

Manisa ilindeki otobiislerin gps verileri kullanilarak gergeklestirilmistir.

Anahtar Kelimeler: Akilli tasima sistemleri, kiiresel konumlama sistemi (GPS),

Kalman filtresi, ortalama siire algoritmasi.
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CHAPTER ONE
INTRODUCTION

1.1 Overview

Increase in traffic volume has been posing a major threat to the quality of public
transportation. This situation causes traffic congestion, which leads to time loss and
increase in arrival time to the destination. A good public transportation system has to

be highly qualified, reliable and accessible.

In Turkey, buses, trains and ferries are mostly used public transportation services.
It is easier to estimate the arrival time of trains and ferries than estimating the arrival
time of buses at bus stops, because trains and ferries have stationary speed and travel
time of them is usually stable. Estimating the arrival time of a bus to the bus stop is
important for passengers, because if a passenger misses a bus, it will take a long time
to wait for the next one or find an alternative way of transportation. Passengers aren’t
concerned about time that they spend while waiting at the bus stop as long as they
know the arrival time of alternative buses at the bus stop. However, if the passenger
doesn’t know the arrival time of the next bus, then he/she becomes concerned about

delays or the level of traffic congestion.

The most important component of an advanced and reliable public transportation
is the Intelligent Transportation System (ITS) which consists of several methods,
techniques and methodologies for passenger information system. Those methods
provide reducing time, financial loss and informing to passengers. Moreover, many
methods are used for estimating the arrival time of a bus to the bus stop which
increases reliability and accuracy of the travel time estimation. As it is shown in
Figure 1.1, there are several factors which affect the travel time estimation such as
road geometry, weather conditions, time of day, day of week, population of the city
and etc. If historical data are processed, and then all those factors should be
considered in order to obtain more reliable results, however this study performs real

time data therefore it is not essential to use all the factors. Estimation of travel time at



the bus stops is calculated according to the last GPS data of the buses which give the
road status on the current time; therefore the results will be more reliable and

accurate.

Road
geometry.

Incidents,
accidents,
roadworks. Factors

Weather
conditions

affecting the
travel time
distribution

Population .
of the city. Time of
Affect the day, day of
trafific on week,
the roads month

Figure 1.1 Schematic overview of factors affect the travel time distribution

As the data source, three data types are used to determine traffic conditions; the
number of vehicles passing through the fixed point sensors, track based sensors and
camera based sensors. Fixed point sensors are usually used in the inductive loop.
They are placed in certain points on the road are used to count the number of passing
vehicles from those points. Loop detectors that are established in two points on the
road determine the number of vehicles between those two points and provide a
measure of traffic density (Kwon et al., 2000). However, the ring of detectors can be
used to measure traffic density between two points if the road is not secondary way;
hence, using public urban detectors are more suitable for areas such as highways. On
the other hand, loop detector installation, electrical and data connection are
expensive solutions, therefore retrieving the data by means of this method costs too

much.



The other technique for data source is using global positioning system (GPS)
technique (Weigang et al., 2002). GPS information includes the bus speed, bus
latitude, bus longitude, last transaction time and etc. These variables are retrieved by

means of GPS equipment.

One of the most commonly used methods is integrating GPS receivers into
vehicles. However, it may not be possible to integrate GPS receivers into all
vehicles, especially in metropolitan cities. When the literature is reviewed, it is
noticed that there are various approaches related to that problem. One of these
approaches is using GPS units in the users’ mobile phones (Park et al., 2004). In this
study, instant location information of the vehicle are obtained owing to OBU (a

special smart computer developed by Kentkart) installed in buses as GPS units.

Traffic density is calculated by using data gathered from cameras (Frechette &
Khan, 1997). The calculation is performed by finding the number of vehicles in the
image taken by cameras. This method is expensive as high-capacity data transfer is
performed through cameras. Furthermore, since information is obtained from a

limited number of cameras, predictions are not successful enough.

An effective method is proposed for estimating the arrival time of a bus at a given
bus stop using global positioning system (GPS) data which is collected in Manisa,
Turkey. When all the methods are compared, it is observed that predictions
performed by using GPS information of the vehicle become more successful. As
GPS data is transferred to the system once in every 30 seconds, it is possible to make

dynamic predictions.

1.2 The Goal of the Study

The goal of this study is to estimate the arrival time of buses at bus stops. Benefits

of knowing the estimated arrival time of buses at bus stops for operators and

passengers are explained in the following:



It gives reliable information on travel time for passengers and operators.

It helps operators to manage the schedule of buses.

Operators will be informed when the bus will arrive at its final destination.
Passengers will know how long they will wait for a bus at the given bus stop.
Passengers will be able to modify their plan if the bus will be delayed owing
to traffic conditions.

Passengers will be able to check the bus status on a web page, led panel or
mobile devices. The system refreshes the estimated time continuously.
Passengers will receive information about when the next bus will arrive at the
given bus stop.

Passengers will be able to choose other modes of transportation routes if the
bus is delayed for a long time or they miss the current bus.

It minimizes traffic congestion at pick-up and drop-off areas.

It assists operators in managing their own schedule. For example, if the bus is
delayed especially in the evening, they can change the scheduled time for

these buses.



CHAPTER TWO
RELATED WORKS

2.1 Overview

Many prediction models have been implemented for traffic state estimation such
as traffic density of city, bus arrival time at bus stop and total travel time through the
travel. The five most commonly used methods are historical data based models, time
series model, regression models, Kalman filtering model and machine learning

models.

According to those methods, when the real time traffic data is used for estimation,
more efficient results are obtained. The estimation methods which get attention most
in instant traffic operations are Kalman filtering, neural network and a combination

of time series and Kalman filtering.

2.1.1 Model Based on Historical Data

This type of prediction model derives the current and future travel time of the bus
from the historical data of the previous travel at the same time period. The current

traffic state is assumed the same as the previous traffic state at the same time.

Researchers indicate that when the traffic conditions is stationary in daily and
weekly time period, it is reasonable to estimate of future traffic conditions from
historical averages of conditions (Williams & Hoel, 2003). However Lin and Zeng
assume that this model does not infer more reliable results in different regions
because large city has no stationary traffic conditions and every regions of the city

has different condition in daily time period (Lin & Zeng, 1999).



2.1.1.1 Using Average Travel Time

This model use the historical average travel time and other input variables and
conditions to give estimation arrival time at the bus stop. Chung and Shalaby
developed an expected time of arrival (ETA) statistical model using explanatory
variables (Chung & Shalaby, 2007).

Two methods are used to estimate arrival time at the bus stops

e Historical data

e Current day condition. (weather condition, schedule time)

This model is developed for school buses. In contrast to transit vehicles, school
buses have one route per day and have schedule time therefore they use small

historical data for estimation.

The study of Chung and Shalaby; historical data, planned time (schedule time) of
school buses and weather condition was used for prediction at bus stops (Chung &
Shalaby, 2007).

2.1.1.2 Using Average Speed

This model uses average speed of vehicles for estimation of travel time. It
estimates travel time by using data collected via GPS technology. This model is
generally used for map matching techniques which can be found on a geographic

information system that estimates vehicle position and travel time.

Weigang developed a model to estimate bus arrival time at bus stops using GPS
information, which was implemented in the SITCUO-Information System for Urban
Bus Transportation, in Brasilia (Weigang et al., 2002). The main algorithm is to
estimate the travel time at the bus stops, however there is not any information about

route of the buses. Therefore route is found from current location of buses before



estimation at the bus stops. The position of the bus should be match with any point
on route segment or straight line. Estimation of travel time parameters is the location
of bus, route of bus and speed of bus. If the bus stops, the arrival time is infinite
therefore it cannot be calculated. In order to overcome the problem, historical bus
travel speed and current speed of the bus are used for estimation at bus stops. The
actual position and results of algorithm are compared and the mean error is found to
be %8. Therefore, the results indicate that these errors can be reduced when the

number of segments increases in the routes.

2.1.2 Time Series Model

Time series model algorithm makes predictions for the future by making use of
historical data. They assume that an external factor does not affect dynamic system

in time period and current traffic condition is the same in the future.

Chien et al., indicate on the accuracy of time series models is a function of the
similarity between the real-time and historical traffic patterns (Chien et al., 2002).
Differences in traffic time or changes in historical and real-time travel time cause
unstable estimation results, however these models have not been used for estimation

of traffic volume or travel time.

2.1.3 Regression Models

Regression models examine the relation between variables. Some variables affect
the estimation however some of them are not important. In contrast to historical data
model, this model study on unstable traffic conditions. These models predict and
explain a dependent variable with a mathematical function formed by a set of

independent variables (Chien et al., 2002).

In general, regression model assist how a dependent variable affects the
fluctuation when the independent variable change in time period. The regression

model arises which variable is important for the estimation algorithm.



Patnaik used regression models to estimate bus arrival times. Data is retrieved
from automatic passenger counter (APC) (Patnaik et al., 2004). The variables which
are used for estimation are distance, number of stops, dwell times, boarding and
alighting passengers and weather condition. In regression model design, some
variables are static and the others constantly change. Therefore, according to the
study of Patnaik, weather condition is a less important variable for estimation.

2.1.4 Kalman Filtering Model

Kalman filter has always been an inseparable part of thousands of military and
civil navigation the systems developed since the first presentation in 1960. In this
perspective simple, recursive digital, algorithmic filter used the instant data in order
to get the general performance of the system. In order to estimate that instant value
of the system variables (such as time of arrival to the specified location), the filter
performs new estimations using a statistical method by weighing each new
measurement in a suitable way according to the former information. The filter can
also be used for detecting the current uncertainties performed for real-time quality
evaluations or offline system design studies. When Rudolf Kalman presented the
Kalman Filter officially for the first time in 1960, the algorithm was not welcomed
well. Practical performance of the filter requires paying attention on a suitable

statistical modeling and numeric sensitivity. Field of use follows:

¢ Navigation

e Vehicle Tracking

e Flow dynamics

e Estimation of population
e Estimations of time

e Estimation of several non-linear data.

Wall and Dailey study on estimation of vehicle arrival time (Wall & Dailey,
1999). The algorithm used historical data and real time automatic vehicle location

data for the estimation. The algorithm consists of two parts such as monitoring and



prediction. The Kalman filter model used vehicle movement of buses for estimation
of arrival time. They did not deal with dwell time as independent variable. Their
algorithm error rate is less than 12 % (Wall & Dailey, 1999). The algorithm

presented to user a web application.

Shabalaby and Farhan implemented the prediction algorithm with Kalman
filtering model (Shabalaby &Farhan, 2004). They used data that collected of four
buses data with automatic passenger counter data and automatic vehicle location data
in real time. They studied on estimation of arrival times with five weekday data. The
first four weekday data was used for developed model, the last weekday data was
used for testing. Their prediction algorithm worked with run time between links that
contain two and eight bus stop that was check point. Dwell time did not calculate for
every bus stop, they calculated only check point. They updated the prediction time of
bus where the bus arrived check point. The route has twenty bus stops; according to
algorithm prediction time is updated only five check point. Consequently the model
demonstrate dynamic ability, update itself based on new data. Every new data reflect

the prediction time.

Chien and Kuchipudi developed a travel time estimation using with real time
historic data (Chien & Kuchipudi, 2003). They used Kalman filtering technique
because of the state update continuously with changing condition. They comprised
two different approaches; these are path base travel time values and link based travel
time values. The results demonstrate that historic path base travel time is better than
travel link because of especially peak hours error rate is smaller and smaller travel
time variance. The advantage of historic path base estimation is prediction of travel
time any given time. Disadvantage of historic path base estimation is slower than
link base estimation. They are focused the estimation time accuracy of special time

for example; after concerts, football match, peak hour etc.



2.1.5 Machine Learning Model

Machine learning model examines of pattern recognition and computational
learning theory in artificial intelligence. Machine learning investigates the study
which can learn from and make estimation on data. Machine learning model

algorithms deal with complex relationships between predictors.

Hoogendoorn and Van Lint are able to operate in non- linear relationships. These
models can be used for prediction of travel time, without explicitly addressing the
(physical) traffic processes (Hoogendoorn & Van Lint, 2008). This model is
generally used for correlation analysis, genetic algorithm and trial and error
procedures. The results obtained from one point are not transferred to the next step.
Machine learning model methods are Artificial Neural Network and Support Vector
Regression.

Chen et al developed a method for estimation of bus arrival time using automatic
passenger counter data (Chen et al., 2004). Their model consisted of Artificial Neural
Network model for prediction bus arrival time and dynamic prediction model based
on Kalman filter. Bus location data was used for estimation of bus travel time. ANNs
model was trained with input variables that are day-of-week, time-of - day, weather
and segment. In other words, ANN model was trained with four variables that were
influencing the result. At the same time, it was updated by using real-time automatic
passenger counter data. The results showed that dynamic algorithm model was better
in performance than artificial intelligence model due to integrating the last GPS data
and bus arrival information into the prediction. As a consequence, ANN model is

used for non — linear relationships between travel time and independent variables.
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CHAPTER THREE
DATA COLLECTION

3.1 Data Collection

The data used for this study have been collected from using bus computer device
which is placed into buses in Manisa. Nine different routes have been used in this
study. The length of routes is approximately 7 km, spanning 35 bus stops in each
direction and the total number of buses is 202. Every bus has GPS (Global
Positioning System) receiver device. When the bus arrives at bus stop or departs
from bus stop, the bus location and bus stop information is sent to the system also

GPS data is sent in every thirty seconds.

GPS data consists of the following attributes:

* Route of the bus

+ Point locations in latitude — longitude pairs.

» Speed of the bus

+ Sent GPS time

» Arrival time at bus stop and departure time from bus stop

» The last arrival at bus stop or departure from bus stop.

In this study, the historic data of Manisa between January, 2014 and July, 2014

are used as if it is real-time to perform the estimation of the developed algorithm.

3.1.1 Real-time Data Flow

Figure 3.1 shows the transition process of real time data by using bus computer
equipment in the buses. The study uses a seven - day GPS information of the system.
All information is stored in MYSQL database and all transactions are performed in

this database.

11
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3.1.2 Static Data Flow

Routes, route-path, path bus stop data is updated every day. If any of the

information changes, then the system is updated automatically. Figure 3.2 shows the

flow of the static data.

/ROUT ES - \
PATH BUS STOP e
\ J

Figure 3.2 Static data of the system

3.2 Preliminary Analysis

In analysis process, transportation terminology is examined.
e Route: Route is a line which has a start point and end point.

e Path: Road segments are defined as a path. Route has more than one path.
Except for forward and backward path of route, there could be any other

paths.

12



Bus Stops: Stop points. Bus stop id is unique in the system even bus stop ids
are on the same route. For example, route code is 255i and the route has two
directions. If both directions of the route have the same bus stop id, there
becomes a trip identification conflict.

Bus Stops of the Path: Stops that belong to path. Every path has bus stops

with their sequence number.

Trips: Traveling which starts at one point and ends at another point or the
same point. It is planned in specified time periods. Trip includes attributes

below:

o Bus Id: It is assigned bus number in trips

o Trip start date time: It is start date time of the trip.

o Trip end date time: It is end date time of the trip.

o Trip No: Trip unique number. Every trip has a trip number. The numbers
are distinct from each other.

o Route Code: Route code of the trip.

o Path Code: Path code of the trip.

o Arrival date time at bus stop: Arrival date time of bus at the last bus
stop.

o Departure date time at bus stop: Departure date time of bus from the
last bus stop.

o Arrival bus stop id: Id of bus stop that bus arrives at the last bus stop.

o Departure bus stop id: Id of bus stop that bus departs from the last bus
stop.

o Latitude: The last location information of bus as latitude.

o Longitude: The last location information of bus as a longitude.

13
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Figure 3.3 Bus stops of the path.

The Figure 3.3 is obtained by plotting the coordinates of the GPS data points
which are signed in red. Blue icons are bus stops throughout the path. Bus stops of
path are sequentially mapped. When the sequence number of the bus stop in the path
is 1, it means the bus is at the start point of the trip. All bus stop ids are unique in the

system. Opposite directions of the route have different bus stop ids.

Trips must take place in the correct order of bus stops. If the bus skips some bus

stops, it means something went wrong. Possibilities are as follow:
1. Trip is assigned the other bus , therefore trips is uncompleted

2. As real-time data is sent to system with UDP (User Datagram Protocol)

packets, it may be lost.
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If the travel time is more than expected between a bus stop and the next bus stop,
possibilities are as follow:

1. Incident occurs.

2. Traffic is busy.
3.3 Preliminary Analyze 2 Formulas

e Travel Time: Travel time between any two stops k & | for a journey ‘p’ is
initiated in real time ‘t” of a day ‘d’ is the is defined as the difference between
departure time of bus from bus stop ‘k’ and departure time of bus from bus
stop | and is defined in equation (3.1). Sequence number of ‘I’ must be
greater than sequence number of k. Travel time is calculated by using

departure time information of the last bus.
tdp _ td td
T5%= To” - Tpi (3.1)
e Bus Stop Pair: Bus stop pair is defined as sequential bus stops. Bus stop pair
sample is 10321 and 10329. Their sequence numbers are 10 and 11 of the
path as 24491.

e Sequence number: Sequence number is dependent on path code.

e Dwell time: Difference between departure time from bus stop and arrival

time at bus stop of the bus. Dwell time is defined in equation (3.2).
tdp _ td td
DT, "P= Ty * - T;7 (3.2)
Tlt_d,f the travel time between stop | & k for a journey p initiated at real time of a

day d.

TAtldp arrival time of bus at bus stop I.
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TE™ departure time of bus ar bus stop |
TL2 arrival time of bus at bus stop k.

DT dwell time of bus at bus stop |

In order to calculate travel time between sequential bus stops, the difference of

departure times in sequential bus stops are calculated.

Table 3.1 Departure time of buses at bus stop sequence 22

Bus Bus Stop Sequence Departure Time
255 22 08:56:05
297 22 08:55:00
266 22 08:57:03

Table 3.2 Departure time of buses at bus stop sequence 23

Bus Bus Stop Sequence Departure Time
255 23 08:59:25
297 23 08:58:56
266 23 08:59:03

Table 3.1 shows departure time of buses at bus stop sequence 22. Table 3.2 shows
departure time at bus stop sequence 23. Travel time is calculated according to

departure time of Table 3.1 and Table 3.2. Travel time of three buses is following:
e Travel time 120 sec for bus as 266.

e Travel time 200 sec for bus as 255.

e Travel time 234 sec for bus as 297.

16



CHAPTER FOUR
SYSTEM DESIGN

4.1 System Architecture

Figure 4.1 shows the system architecture of the estimation algorithm. Data are
collected by OBU in the buses. Data are stored in ORACLE database of Kentkart
system. Data consist of global position system data of seven days that are transferred
to MySQL database with web services. An estimation algorithm calculates
estimation time of the bus at the given bus stop over by MYSQL database. As
location updates arrive from the buses, they will go through bus stop. The prediction
algorithm will periodically update its state from this database. The led panel or
mobile application as a tracking application, which will act as the user interface, will
listen the requests for a specific bus stop, call the prediction algorithm and return the

results as a response.

(@R () s

Data is

_ ., sent to db with web services
] e ‘
OBU

Compuer in \\.
the buses) Oracle

: Realtime
Data is v Seter

i sent to realtime server with
Oracle DB |, web services i

Instance

MyshlDB
Web W=H
When arrive buses P;ge Cl:lr
the bus stop? ane
~ - W}
RERRRERD
Estimation Algorithm run ESﬁm.aﬁO“
Services

Figure 4.1 Architecture of system
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4.2 Database Design

MySQL database is used for configuration control, storing data and consists of

seven tables (see Figure 4.2) describing all the parameters of the system:

e Routes: It is master table, route_id is the primary key.

e Route_path: Route_id and path_id is foreign key.

e Path_stop: Path_code and bus_stop_id is foreign key.

e Stops: It is master table stop_id is primary key.

e Paths: It is master table and path_id is primary key.

e Bus_gps_data: It is updated in ten seconds, bus id is primary key

e Bus_stop_pair: Pairl and pair2 is primary key.

' 7
i - : i Ty
route_id » route_id path_id
route_short_name path._id path_name
route_long_name
A
)
airt . i
e o <Ypdate time__ | bus_id path_code -«
air
E 1 route_code bus._stop_id
ime Ty
. path_code seq_no
time2 bus_stop_id
time3 Seq_no oy
— .
bus_latitude
bus_longitude
arrival_date_fime ( w
leaving_date_time
. a_ - Stﬂp_id f
frip_no
) ) stop_name
trip_start_time

h v

Figure 4.2 Database design
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4.2.1 Routes

All route information is stored in “Routes” table. A route is a group of trips that
are displayed to riders as a single service. Table 4.1 shows description of Route

table’s columns.

Table 4.1 Description of routes table

FIELD NAME FIELD DESCRIPTION

ROUTE_ID The route_id field contains an ID that
uniquely identifies a route. The route_id
is dataset unique.

ROUTE_SHORT_NAME The route_short_name contains the short
name of a route. This will often be a
short, abstract identifier like "255", "4"
that riders use to identify a route, but
which doesn't give any indication of
what places the route serves..

ROUTE_LONG_NAME The route_long_name contains the full
name of a route.

4.2.2 Path

Path is defined as a direction of route. Rules for drawing lines on a map represent

a transit organization's routes. Table 4.2 shows description of Path table’s columns.

Table 4.2 Description of path table

FIELD NAME FIELD DESCRIPTON

PATH_ID Direction of route.

PATH_NAME Path name of the route. The path name
contains the full name of a path.

4.2.3 Route Path

Route path table provides relation between routes and path. Table 4.3 shows

description of Path table’s columns
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Table 4.3 Relation between route and path

FIELD NAME FIELD DESCRIPTON
PATH_ID This value is referenced from path table.
ROUTE_ID This value is referenced from route table.

4.2.4 Path Bus Stop

Path bus stop table represent bus stops which belongs to a path. Table 4.4 shows

description of Path Bus Stop table’s columns.

Table 4.4 Relation between Path and bus stop

FIELD NAME FIELD DESCRIPTION

PATH CODE Path id of the route

BUS_STOP_ID The bus_stop_id field contains an ID that uniquely identifies a
stop. The stop is referenced from the stops table.

SEQ_NO The seq_no field identifies the order of the stops for a
particular path. The values for seq_no must be non-negative
integers, and they must increase along the path.
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4.2.5 Bus GPS Data

This table contains global positioning data of each bus and is updated every ten

seconds. Table 4.5 shows description of Bus Gps data table’s columns

Table 4.5 GPS information of the bus

FIELD NAME FIELD DESCRIPTION

BUS_ID Bus id of moving buses

ROUTE_ID Route code of the bus

PATH_ID Path code of the bus

BUS _STOP_ID Arrival or leaving bus stop id of the
bus

SEQ_NO Arrival or leaving bus stop id

sequence of the bus

BUS LATITUDE

Latitude of the bus

BUS LONGITUDE

Longitude of the bus

ARRIVAL_DATE_TIME

Arrival date time at bus stop of the
bus

LEAVING_DATE_TIME

Leaving date time at bus stop of the
bus

TRAVEL_TYPE

Type of bus stop arrival or departure

TRIP_ID

The trip_id field contains an 1D that
identifies a trip. The trip_id is dataset
unique.

TRIP_START_TIME

Start date time of the trip.
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CHAPTER FIVE
ALGORITHMS AND APPLICATION

Kalman filter and average travel time algorithms are used to estimate travel times

from current bus stop to the target bus stop.

5.1 Kalman Filter

Kalman filter is a digital filter having multiple inputs and outputs. This filter
optimally estimates the states of a system that has real-time noisy outputs (Figure
5.1). States of the system (values of each time) are variables that need to identify the
entire system behavior as a function of time (such as position, speed, time, voltage
level and etc.). Indeed, the system having multiple noisy outputs is supposed to have
multi-dimensional noisy signal. It is not clear which of those show the state of the
system. Kalman filter filters the signal that is out of noisy measurements in order to

estimate. Kalman filter is shown as a more general method comparing to other

acceptable methods.

Multiple state
variable estimate

Multiple noise inpuis }—P{

System:unknown
multiple system
variables

!
1

Kalman Filter

Figure 5.1 Process of Kalman Filter
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Figure 5.2. Kalman filter algorithm

Kalman Filter is a recursive linear filter. In each cycle, state estimation is updated
by combining the new measurements with the predicted state estimations that are

taken from former measurements.

As it is seen in Figure 5.2, estimation starts from the first value and it is combined
with the covariant variable taken from former information. While evaluating the
filter weighs, this estimation with the first measurement vector is used for generating
the well-updated new estimation. If the noise covariant of measurement is less than

the estimation, then the measurement weigh is raised up; or else, reduced down.

5.1.1 Development of Prediction with Kalman Filter

The estimation of how long it takes for a bus to arrive at the bus stop is performed
by using Kalman filter. In order to understand the estimation model, Figure 5.3
shows the example transit route. The route is divided into segments. Each segment

has two bus stops. When the bus leaves from the bus stop, the system stores the
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departure time as the actual departure time at bus stop. In this example, Kalman filter
prediction algorithm for running travel time will estimate the next bus stop running

travel time.

——
o0 L

O 0O O O

[ime points i 1+1 i+2 tr

Figure 5.3 Example of the transit route

Assume that the bus is at bus stop | as follows in equation 5.1

At (i+1) = Dt (i) +Rt (i,i+1) (5.2)
o At(i+l) is the predicted arrival time of bus n at stop i+1
e Rt(ii+l) is the predicted running time between i and i+1 from Kalman

Filter prediction algorithm

e Dt (i) isthe actual departure time of bus n from stop i

Kalman filter algorithm is implemented for specified segments. The length of
those segments differs between almost 100 meters and 500 meters. Kalman filter is
performed for each segment. Those segments consist of different linear bus stops.
Each segment is formed by bus stop couple. Linear bus stops consist of bus stops that
have consecutive bus stop sequence number. There are a lot of buses passing through
the same linear bus stops although they have different routes regions and numbers

which increases the density of the passing vehicles there.
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Figure 5.4 Example route and bus stops.

In order to understand for dividing into segments in routes, Figure 5.4 shows
example of multiple bus routes sharing the same road segments. For example, a
passenger expects to travel from B bus stop to C bus stop. The three buses will arrive
at bus stop C. Therefore, the passenger chooses any of three buses. The three buses
have different routes; however some target points are the same. Therefore many
buses pass between bus stop A and bus stop B pass. Running travel time between B

and C is independent from routes.

The rate of reliability of Kalman filter increases according to density situation of
instant data. Therefore, the study uses the segments which include consecutive bus
stops. Every instant data generates a new estimation and are updated with the former
estimated one. Performed studies include one-day data set. Every coming bus data
are used for estimation. For each arrival time that busses send, estimation is
performed for the next bus stop of the one where the bus is. Each arrival time is used
for performing estimation for the next bus stop. By comparing the each coming new
data with their former ones, new arrival time estimation is performed owing to

Kalman filter. The steps of the Kalman algorithm are as follows:

1. The first step is to calculate the Kalman gain. Kalman gain is a multiplier resulted
from the previous estimation in order to make better estimations. The gain is
regulated for better performance, because with using a high gain, filter follows
the observations closer. With a lower gain, filter follows the model estimations
closer. The method converges to perform closer estimations than the ones that are
performed based on real unknown values, one-time measurements or just model

estimations.
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KG— EgsT (5.2)

EEST+EMEA

Where IS Eggrerror variance in estimation, where
Eyga 1S error variance is measurement. Kalman gain formula is shown in equation
(5.2).

Error variance is the difference between real measurement travel time and average
of all measured travel time. For every measured value, a new error variance is
calculated. While calculating this deviation value, average passing time between two

bus stops is used. Average passing time is subtracted from the instant passing time
between two bus stops which results the error variance as it is seen in equation (5.3).

Eysa =MEA- 57 =2 (53)

2. The second step leads to the estimation of the arrival time for the next bus stop.
Estimation of arrival time is calculated according to equation (5.4). In this
process, previously estimated value, Kalman gain and real arrival time are used.

EST, = EST,_, + KG(MEA — EST,_,) (5.4)

where EST; is the estimation travel time at the target point, EST;_, is the previous

travel time at the target point and MEA is the measurement time in the subsection.

3. In the last step, the new estimated error value which will be used in new

estimations is found and used in equation (5.5).

EESTt =(1- KG)EESTt_l (5.9)
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Table 5.1 Example of kalman filter algorithm

Input Values | Kalman filter example

k 0 1
MEA | 82 79
2711@ 73 73
n
EST, |70 74.8
Time EST,_, | 70 74.8
Updating Egst, , | 6 3.6
Measurement | KG K. Egsr =3.6/(3.6+6)
Updating EEST+EyMEa =0.06

=(6/(6+9))=0.4

EST, EST; = EST,_; + KG(MEA — EST,_;) | 75

EST, = 70 + (0.4) = (82 — 70)
=74.8

EESTt EESTt = (1 - KG)EESTt_1:(1-0'4)'6 3.38

EESTt:3'6

Table 5.1 explains Kalman Filter with examples. MEA describes the difference of
passing times of buses between linear bus-stops. Each passing time of buses is

updated in the field of MEA. EST t indicates the estimated passing time between bus
stops. ZQ‘MTEA indicate that the average of the travel time between linear bus stops

and calculated in one time.

5.2 Average Travel Time Algorithm

The other method is average travel time for the estimation of how long it takes for

a bus to arrive at the bus stop.
As it is explained in Kalman filter, departure time of bus at bus stop is used as the

realized time at the bus stop. If the new data comes to the system, the algorithm

calculates the travel time at sequential bus stops of bus. The last three travel time
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information is stored for each sequential bus stop and is updated when the new data
come. Estimated travel time is found with average of the travel time data of three

buses at sequential bus stops.

5.2.1 Estimation Travel Time Service with Average Travel Time

Estimation of travel time service is calculated in MySQL database. All estimation
calculations have been performed when the estimation service is called with bus stop
id parameter. For example when the user uses the bus stop id as a parameter in the
interface in order to get information of a bus, algorithm calculates estimation travel

time for the bus stop where the user is.

Assume that the bus is at bus stop i as follows equation 5.6;

AvgT (i+1) = DT (i) +RT (i,i+1) (5.6)

e AvgTn (i+1) is the predicted arrival time of bus n at stop i+1
e RTn (i,i+1) is the predicted running time between i and i+1 from average
travel time prediction algorithm

e DTn (i) is the actual departure time of bus n from stop i

According to the 5.7 equation, if ‘i’ is the place where the bus is and ‘i+2’ is the

target point;
RTNn(i,i+1)=T(i,i+1)/3+T(i+1,i+2)/3 (5.7)
e T(i,i+1) is total travel time at bus stop i and bus stop i+1 of the last three buses.

o T(i+1,i+2) is total travel time at bus stop i+1 and bus stop i+2 of the last three

buses.
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5.3 Dynamic Travel Time Calculation for Bus Stop pair

Estimation of arrival time at bus stops is based on realized arrival time and
departure time information which gather from buses. Travel time of the last three

buses at sequential bus stops stored in database.

All sequential bus stops are defined in the system. Every bus has arrival time at
the bus stop and departure time from the bus stop with date time information,
therefore the travel time can be calculated in sequential bus stops with specified time

range.

Table 5.2 GPS data of Bus

BUSID | PATH_ID | STOPID | SEQ _NO | ARRIVAL T | LEAVING T
12345 1 100 5 10:05:10 10:05:46

12345 1 101 6 10:08:56 10:09:22
23456 1 100 5 10:08:55 10:09:25
23456 1 101 6 10:11:38 10:11:58

33333 2 100 6 10:12:11 10:12:45

33333 2 101 7 10:14:55 10:14:10
44444 3 100 12 10:14:58 10:15:01

44444 3 101 13 ? ?

Table 5.2 shows arrival and departure information with bus stop data of three
buses with date time values. The bus whose id is 12345 arrives at the bus stop at
10:05:10 and arrives at the next bus stop at 10:08:56. Travel time of 12345 between
these two sequential bus stops is 226 sec. For 23456, travel time is 163 sec for the
same sequential bus stops. For 33333, travel time is 175 sec for the same sequential
bus stops. If the three buses are the last three buses for the bus stops whose ids are
100 and 101, the average of the travel time for 100 and 101 is 188 sec. The three
buses’ historical information affects travel time of the bus whose id is 44444,
therefore the last three buses affect current arrival time estimation of a bus at the next

bus stop.

Travel time calculations for sequential bus stops are updated when the new bus

information is obtained.

29



5.4 Estimation Travel Time Service Flow

In Figure 5.5, a flowchart of finding the estimated time for required bus stop id is

Start with Stopld

Find Paths and
Path Bus stop Sequence
According to required
bus stop id

shown.

O
D

h 4

Get last bus stop

information their
paths for each bus
No#{ No Operation @
Yes

For every trip
find path bus stop
sequence
No—- No Operation @

trip<bus stop
seq_no

Yes
h, 4

Find bus stops between
two sequential
bus Stop

v

Find time of

sequential two bus
stop
According to last

three buses

I

Sum of transit time
two sequential bus
stops

v
‘ Finish )

Figure 5.5 Flowchart of estimation time service
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In the following information is used for finding estimation:

Ll

Routes Information

Path Information

Path Stop Information

Arrival time at the last bus stop of the bus

Step 1: Service is started to run with bus stop id parameter.

Step 2: Find paths and path bus stop sequence according to required bus stop

id as follows in Figure 5.6.

P1

BUS_STOP_ID
PATH_ID
STOP_SEQ R1,R2

Figure 5.6 Path Stop table
P1:Bus stop id

R1:Path Id
R2:Bus Stop Sequence

Step 3: Get the last bus stop information in their path for each bus. Real time
and historical data are stored in “BUS_GPS DATA” table. Trip’s start date
time and bus id are used for finding the last trip.

The last GPS data of buses have to be as follows:

e Trip is not closed.
e Max trip start time

e BusID
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e Step 4: Departure date time is when the bus depart from bus stop is used for
all calculations. All estimations are based on departure time at the bus stop of

the buses. Therefore, dwell time is not used for estimations.

e Step 5: Bus stop sequence of path is calculated for each bus in every last trip.
When bus stop sequence is calculated, “BUS _GPS DATA” and
PATH_STOP tables are used. Path bus stop sequence is found for each bus

and only calculated for the last trips and unclosed trips.

BUS_ID
__——BUS_STOP_ID
STOP_ID
_ PATH_CODE
PATH_CODE — =

START _DATE_TIME
BUS_STOP_SEQUENCE = -

Figure 5.7 Relation between path_stop table and bus_gps_data table

Figure 5.7 shows the relationship between path bus stop table and bus GPS data
table.

e Step6:
= Path bus stop sequence is calculated for required bus stop in second step.
= Path bus stop sequence is calculated according to bus stop information of
trip for each bus in the fifth step.
= Two path bus stop sequence numbers are compared in this step. Bus stop
sequence number of trip has to be smaller than required bus stop sequence
number because bus will come to required bus stop and is behind the

required the bus stop.

Stop 1 Stop 4 Stop 5 m

Figure 5.8 Example step 6
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Figure 5.8 shows an example of step 6. Bus departs from bus stop sequence two
and travels towards target bus stop 7. There is five bus stops left.

e Step 7: Find bus stops between two sequential bus stops. Path bus stop table and
bus_gps_data tables are used. Sequence numbers are calculated in step 6,
therefore between two bus stops sequence numbers are calculated. Figure 5.9
shows the remained bus stop sequence number. For example, for path 1,
sequence number 3,4,5,6 are between two sequential bus stops shown as follows:

= Stop 2-3 (correspond to bus stop id 123 124)
= Stop 3-4 (correspond to bus stop id 124 125)
= Stop 4-5 (correspond to bus stop id 125 126)
= Stop 5-6 (correspond to bus stop id 126 127)
= Stop 6-7 (correspond to bus stop id 127 128)

Figure 5.9 Example step 7
e Step 8: Bus stop ids are calculated for two sequential bus stop in step 7.

= Stop 2-3 (correspond to bus stop id 123 124)
= Stop 3-4 (correspond to bus stop id 124 125)
= Stop 4-5 (correspond to bus stop id 125 126)
= Stop 5-6 (correspond to bus stop id 126 127)
= Stop 6-7 (correspond to bus stop id 127 128)

Transition time is calculated for bus stop pairs. This data is retrieved from
bus_gps_data table. Table 5.3 shows the transition time for sequential bus stop pair
in the last three buses. Time diff means the difference in time between bus stop 123
and 124. This process is performed for every calculated bus stop pair.

33



Table 5.3 Transit time of the sequential bus stops of the buses

Bus | TripTime | DTimel23 DTimel24 TimeDiff
12345 | 17:00:12 17:00:12 17:04:12 252
12356 | 17:10:12 17:18:12 17:21:12 180
12347 | 17:20:12 17:30:12 17:33:52 220

Step 9: In step 8, time difference has been calculated for every bus stop pairs.

In step 9, arithmetic average of time difference is calculated for last three

buses.

According to the following example:
(timel+time2+time3) /3->(252 + 180 + 220)/ 3=217.3

Step 10: The sum of time difference is calculated for each remained bus stop

pair.

For stop 2-3 (correspond to bus stop id 123 124), bus arrives from 123 to 124

approximately in 217 seconds. This calculation process is repeated for every bus stop

pair.

Stop 3-4 (correspond to bus stop id 124 125) (approximately 205 second )

Stop 4-5 (correspond to bus stop id 125 126) (approximately 210 second)

Stop 5-6 (correspond to bus stop id 126 127) (approximately 455 second)

Stop 6-7 (correspond to bus stop id 127 128) (approximately 305 second)

Summation of the bus stop pair = 217 + 205 + 210 + 455 + 305 = 1392 second.

Table 5.4 shows that estimation arrival time at bus stop of the bus.

Table 5.4 Estimation time of the bus

BUS

PATH

ARRIVAL_DATE_TIME

TIME_DIFFERENCE

ESTIMATION_TIME

35555

207010

20140701170012

1392

20140701172324
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CHAPTER SIX
EXPERIMENTAL RESULTS

Prediction models have been developed with Kalman filter and arithmetic average
time algorithm. It is important to evaluate them in terms of estimation accuracy. The
study focuses on Kalman filter and arithmetic time average algorithm. Kalman filter
prediction performance is compared with the arithmetic average time. Estimation
samples are taken from specified time range and specified regions. Seventeen bus
stop pairs are chosen for estimation. The number of vehicles in these bus stops is
more than the one in other bus stop.

6.1 Tests of Average Travel Time Algorithm

Figure 6.1 shows the estimation time and realization time at the given bus stops.

Estimation algorithm is performed for the random ten bus stops.

Comment 7> Show Ink Sheet Workbook Workbook ¢ Track Changes ~
Proofing language Comments Changes
Bl M Je| RouteCode
A B C D E F G H ] K L M N

1 |Busld |R0utec0de !Star‘tDateTime PDate EstimationTime RealizedTime TimeDiff StopDiff
2 16413 20151 2013081211074 12.08.2013 00:00 2013081212137 2013081212130 7 1
3 16413 20151 2013081211074 12.08.2013 00:00 2013081211214 2013081212130 14 2
4 16413 20151 20130812110748 12.08.2013 00:00 2013081212042 2013081212130 -47 2
3 16413 20151 2013081211074 12.08.2013 00:00 20130812112106 20130812112130 -4 3
6 26571 20201 20130812105015 12.08.2013 00:00 2013081211909 20130812111800 9 2
7 29329 29801 20130812112141 12.08.2013 00:00 20130812114551 20130812114611 -19 2
8 29329 29801 20130812112141 12.08.2013 00:00 20130812114550 20130812114611 -20 2
9 29329 29801 20130812112141 12,08.2013 00:00 20130812114526 20130812114611 -4 2
10 29329 29801 20130812112141 12,08.2013 00:00 20130812114525 20130812114611 -45 3
11 2939 29301 2013081211141 12.08.2013 00:00 20130812114530 2013081214611 -40 4
12 2939 29301 2013081211141 12.08.2013 00:00 2013081211433 2013081214611 -37 4
13 2939 29801 2013081212141 12.08.2013 00:00 20130812114530 2013081214611 -40 5
14 2939 29301 2013012112141 12.08.2013 00:00 20130812114531 2013081214611 -39 6
15 2939 29301 20130812112141 12.08.2013 00:00 2013081211456 2013081214611 -14 7
16 29329 29801 20130812112141 12.08.2013 00:00 20130812114358 20130812114611 -12 7
17 29329 29801 20130812112141 12.08.2013 00:00 20130812114323 20130812114611 -47 8
18 29329 29801 20130812112141 12,08.2013 00:00 2013081211402 20130812114611 -9 9
19 28249 29861 20130812110535 12,08.2013 00:00 20130812113045 20130812113023 2 1
20 2849 29361 20130812110535 12.08.2013 00:00 20130812113024 2013081213023 1 2
A 2849 29361 20130812110535 12.08.2013 00:00 20130812112951 2013081213023 -31 2
2 2849 29861 2013081211035 12.08.2013 00:00 2013081211295 2013081213023 -2 3
23 2849 29361 2013081211035 12.08.2013 00:00 20130812113012 2013081213023 -11 3
4 2849 29361 2013081211035 12.08.2013 00:00 20130812113003 2013081213023 -18 4
25 28249 29861 20130812110535 12.08.2013 00:00 0130812112953 0130812113023 -29 4
i 4+ M| Compare - Copy /3 M4 |

Figure 6.1 Experimental test results
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Figure 6.1 shows the estimation time and the realization time at the given bus
stop.

e Estimation time column describes the estimation time of the bus at the
given bus stop.

e Realized time column describes the realized time of the bus at the given
bus stop.

e Time diff column describes the difference between estimation and realized
time of the bus at the bus stop.

e StopDiff column describes the number of remaining bus stop of the bus to

the given bus stop.

The first record of excel in Figure 6.1 such as 16413 (bus id) arrives at the bus
stop 7 seconds earlier then the estimation time when the number of remaining bus
stop is one. The error rate which is defined as difference realization time and
estimation time is 7 second for this example. The error rate is 14 sec for the second
record of excel. In this way, the error rate calculation is calculated among 8000
dataset which consist different number of remaining bus stops which is start from
one to ten. Therefore accuracy rate is revealed for estimation at bus stops. The Figure
6.2 is composed from the test results. This figure shows difference time between
realization time and estimation time with number of remaining bus stop. According
to the results show that the fewer number of remaining bus stops to the given bus

stop, the more efficient forecasting accuracy is performed.
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Figure 6.2 Difference between realize and estimation time
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Figure 6.3 shows realized time and estimation time of the bus according to
remaining to bus stop number. In the figure, x axis shows the remaining bus stop
number of the buses and y axis for blue icons show estimation time, for red icons
show realized time. According to the figure, the bus arrives at the bus stop (number
1) approximately in 65 seconds; however the realized time of the bus is 90 second.
The error rate is 25 second for this example. When all the results are examined
among 8000 data, the error rate is found between 25 second and 30 second. This

results show the accuracy rate for estimation is successful.
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Figure 6.3 Estimation time and real time compare graph
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6.2 Compare of Average Travel Time Algorithm and Kalman Filter

Kalman filter and average travel time algorithm are compared with test cases.

Time periods and bus stop pairs are specified for performance tests.

Table 6.1 Compare table with Kalman Filter, Arithmetic average time and Real time

StopPairl StopPair2 Kalman Arithmetic Avg Real Time
80037 80337 87 80 89
80041 80040 63 66 56
80041 80039 82 92 98
80042 80041 20 18 32
80045 80041 107 85 120
80216 80217 680 752 782
80217 80218 61 58 75
80336 80337 141 125 94
80337 80867 173 130 183
80337 80345 175 204 181

Table 6.1 shows estimation travel time and realized travel time for specified bus
stop pairs. Estimation travel time is calculated with Kalman filter algorithm and

average travel time algorithm.

The mean absolute percentage error (MAPE) is used for comparing their
performance. Performance evaluation is achieved for specific time range. Time range
is determined according to rush hours of a day. Tests have been performed between
07:00 - 08:00 am, 01.00 — 02:00 pm and 05:00 — 06:00 pm. The MAPE is shown in
equation (6.1) as follows.

MAPE:izn (2e=21) .« 100% 6.1)
n i ye 0 ’

e Ye s the estimation travel time from current bus stop to target bus stop.
e Yris the realized travel time from current bus stop to target bus stop.

e nisthe number of test sets.
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Figure 6.4 Compare table 07:00 - 08:00 pm
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Figure 6.5 Compare table on 05:00 06:00 pm
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Figure 6.6 Compare table 01:00 - 02:00 pm

Tests are performed during peak hours and peak off hours. Peak hours are
determined in our test cases as 07:00 — 08:00 am and 05:00 — 06:00 pm. The mean
absolute percentage error (MAPE) is used for both models which are compared with

MAPE in their time sections.

First time section 07:00 — 08:00 am is the morning rush hour in Turkey. This has
been illustrated in Figure 6.4. MAPE value is 4.83% for Kalman filter, 6.83% for
arithmetic average time algorithm. The results reveal that Kalman filter has more

reliable results than arithmetic average algorithm.

The second section is 05:00 — 06:00 pm as evening rush hour. This has been
illustrated in Figure 6.5. MAPE value is 8.19% for Kalman filter, 14.11% for
arithmetic average time algorithm. The result reveals that Kalman filter has more

reliable results than arithmetic average algorithm in rush hours.

The other test sample is 01:00 — 02:00 pm time section. This has been illustrated
in Figure 6.6. MAPE value is 12.89% for Kalman filter, 9.79% for arithmetic
average time algorithm. Arithmetic average is more reliable than Kalman filter in this

time section.
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CHAPTER SEVEN
CONCLUSION AND FUTURE WORKS

7.1 Conclusion

The goal of the study is to estimate the arrival time of buses at bus stops. There
are some models that investigate the estimation time at bus stops. There is not any
travel time prediction method classified as ‘commonly used’ by researchers, yet they
offer some satisfactory solutions. The most successful method of all is the one which
uses real time data which is the retrieval information of the buses such as speed,
arrival time to bus stop, departure times from bus stop and etc.

The GPS data helps us estimate the arrival time of the bus to next bus stop. GPS -
based methods are faster and cheaper. Owing to the GPS data gathered from buses,
we can obtain a large number of observations containing the positions, speeds,
arrival time, departure time to bus stop of various buses. Historical data is used as a
real time data in estimation process Historical data consist of speed of bus, location,

arrival or departure time to bus stop of bus.

Kalman filter and average travel time algorithms are performed in the study. In
both algorithms, the passing times of vehicles between bus stops are supposed to be
real passing times and estimations are performed based on those times. By Kalman
Filter, all coming input / output information of a bus stop creates a new estimation
value and Kalman gain, then old values are updated by those new ones. In average
time algorithm, the estimation time evaluation is performed based on the passing

time of the last three vehicles between bus stops.

Tests for Kalman and average time algorithm are performed separately. When the
average time is evaluated as single, the average deviation is approximately 24
seconds. The amount of deviation increases by the number of bus stops to be
estimated. According to the comparison of Kalman Filter and average time

algorithm, it is observed that Kalman Filter is more successful in the days when the
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traffic is intense and the hours when the number of trips is high. The error ratio of
Kalman Filter is 4.83% and 12.89%.

7.2 Future Works

This study investigates the dynamic travel time estimation models for buses. Only
GPS data of the buses is collected for estimation at bus stops. Future works will be to
collect much more data, and more factors such as the weather condition, national
holidays and the travel times of other type vehicles should be considered in the
models.
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